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Introduction
There is ongoing debate about the impact of new technology (often referred to as computerization, digitalization or use of robots) on different labor market outcomes. Fears of increasing inequality and decreasing job security, for instance due to job losses accompanied by fewer available jobs, influence the debate. There are also worries that new technology will replace not only manual routine jobs but also more advanced jobs with cognitive content.
1 In a recent paper, Frey and Osborne (2013) have estimated the extent to which computerization can replace individual occupations in the US labor market. Their main result is that around half of total employment in the US is at risk of being automated within one to two decades.
An important issue in the literature that analyzes how computerization and new technology affect relative labor demand is identifying the types of workers for whom computers and new technology are a substitute and those for whom they are a complement. This in turn depends on the characteristics of individual job tasks -for instance, the routineness of job tasks. The substitution effect refers to the substitution of labor for increasingly cheap computer power. This effect is dominant in routine tasks, and thus the demand for this type of labor can be expected to be affected negatively. The substitution of human labor for computer power is, however, limited. It is in general difficult to simulate tasks that involve creativity, flexibility and good judgement. Therefore, these types of non-routine tasks will instead be complemented by increased computer usage, and the demand for this type of labor may then increase.
Several studies have showed that investments in different forms of new technology are complements to hiring employees for non-routine jobs and substitutes for hiring workers to perform routine jobs, indicating that demand for different types of labor is heterogeneous (see e.g. Autor et al. (2003; 2006) , Goos and Manning (2007) , Acemoglu and Autor (2011) , Autor and Dorn (2009; , Graetz and Michaels (2015) ). These results are related to a recent, much debated phenomenon, referred to as job polarization, i.e. the simultaneous growth of high-skill, high-wage jobs and low-skill, low-wage jobs at the expense of middle-skill jobs (see e.g. Goos et al. (2014) for an overview and Asplund et al.
(2011) for a cross-country analysis on the Nordic countries). Prominent explanations for this phenomenon are routine-based technological change and the offshorability and automation of jobs.
2
Thus far, the substantial job polarization literature has not taken into account firms in this process. Thus, the influence of firms in the observed job polarization patterns is more or less absent in the empirical literature. The focus has instead been on employment in different occupations, with no consideration given to how firms shape the labor demand process. We aim to bridge this knowledge gap by using detailed matched firm-worker data for Sweden spanning the period 1996-2013 to investigate the 3 role played by firms in the recent trend toward a more polarized labor market. Is the polarization pattern also traceable within firms over time so that we also have within-firm job polarization?
A second purpose of this paper is to analyze the contribution of different explanations for job polarization while at the same time focusing on the role played by firms as employers. Obviously, the impact of new technology and globalization can have similar effects on firms and workers and hence on job polarization patterns. For instance, many routine job tasks are offshorable and have a potentially high risk of being automated. In addition, computerization has made it possible to offshore certain job tasks that were primarily performed by middle-skilled workers. Thus, it is difficult to separate contributions.
Therefore, based on our detailed matched employer-employee data, we will analyze the interplay between computerization (automation) and globalization and how these factors shape the job polarization process within firms. It has been proposed that automation or computerization might have a role to play, but the empirical evidence is scarce. By adding computerization to the analysis, our aim is to disentangle the relative impact of the proposed explanations for job polarization, as described above.
Data and descriptive statistics
The analysis is based on register-based matched employer-employee data from Statistics Sweden covering the period 1996-2013. 3 The firm data contain detailed information on all Swedish firms. The worker data cover detailed information on a representative sample of the labor force, including full-time equivalent wages, education, occupation, and gender. 4 Occupations in our data are based on the Swedish Standard Classification of Occupations (SSYK96), which in turn is based on the International Standard
Classification of Occupations (ISCO-88).
All data sets are matched by unique identification codes. To make the sample of firms consistent across the time periods, we restrict our analysis to firms with at least 10 employees in the non-agricultural private sector, which are available throughout the period.
As a measure of the routineness of occupations, we use the Routine Task Intensity (RTI) index, which is used in many papers on routine-based technological change (see Autor et al. (2003) , Autor and Dorn (2013) and Goos et al. (2014) for more information). The offshorability of occupations is based on the same measure that is used in Goos et al. (2014) , which in turn is based on Blinder and Krueger (2013) .
Both the RTI index and the measure of offshorability are available at the 2-digit ISCO-88 level.
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The risk of automation of jobs is based on work by Frey and Osborne (2013 The lowest risks are found for legislators and senior officials and life science and health professionals.
Results
Job polarization implies that we should expect an increasing employment share for occupations in the higher and lower parts of the wage distribution and that the employment share should decrease in the middle of the wage distribution. Figure 1a ) presents basic results for the entire Swedish business sector. Occupations are on the x-axis and sorted in ascending order based on average wages by occupation in 1996. The y-axis measures the change in employment shares over the period 1996-2013. To be comparable to earlier studies, we apply the same occupational classification as in Goos et al. (2009; . The figure shows fairly clear patterns of job polarization in Sweden with improved employment opportunities in high-wage and low-wage occupations, while it is also apparent that a number of occupations in the middle part of the wage distribution have experienced falling employment shares during the period. In addition, the clearest pattern is observed when we study changes in employment shares over the entire period 1996-2013. Goos et al. (2014) decompose the overall change in employment shares into within-industry and between-industry components. They show that both components are important and that overall job polarization is driven by job polarization both within and between industries. In addition to industry reallocation, we extend their analysis by addressing firms and the corresponding within-firm and between-firm components of job polarization. Results are presented in Figures 1b ) and 1c). Starting with the industry components, we see that both industry components are typically positive for high-wage and low-wage occupations and that they are mostly negative for the group of middling occupations.
We have also divided occupations into three wage groups as in Goos et al. (2009; .
Computing the percentage point change in employment share for each of these groups, we find an increase in the high-wage group equal to 6.7 percent, a decrease in the middle-wage group equal to 17.8 percent and an increase in the low-wage group equal to 11.1 percent during the period 1996-2013. For these broad groups, we find that both industry components are positive for the high-wage and low-wage 5 groups, and for the middle-wage group, they are both negative. These results indicate that overall job polarization stems from both within-and between-industry reallocation.
Interestingly, a very similar pattern can also be seen at the firm level ( Figure 1c ). One difference is related to changes in employment shares for low-wage jobs. For this group, the within and between components are generally stronger at the firm level than at the industry level, suggesting that reallocation at the firm level, both within and between firms, is important for the overall rising demand for low-wage jobs. This is less clear in the industry decomposition, where several within and between components are negative, despite a strong overall growth in low-wage jobs.
Having established evidence of a polarized labor market in Sweden, we now analyze the role of firms in more detail. Can the same pattern of overall job polarization be observed within firms? This is related to the origin of changes in the employment structure. To see if we can also trace evidence of within-firm job polarization, we estimate the following equation on our panel of firms:
where ℎ is the share of workers in firm i that belongs to wage group j{Low, Middle, High} at time t. Wage groups are defined in the same way as in Goos et al. (2009; but based on a ranking of occupations in terms of Swedish wages. Our main focus is on the estimated coefficients for .
These show over-time differences in the share of workers in the different wage groups compared with the base year 1996. Equation (1) is estimated separately for each group's share of employment in the firms.
We also include a vector X of time-varying firm characteristics that might affect the different employment shares. These characteristics include log value added per employee and log capital intensity. All of the estimations also include firm fixed effects to control for unobserved firm heterogeneity. Thus, all variation over time in the relative demand for the different groups of occupations originates from withinfirm variation. Finally,  jt is the error term. To allow for within-firm correlation over time, standard errors are adjusted for clustering at the firm level.
Results are presented in Figure 2 . The figure plots the estimated coefficients for for the different wage groups. 7 Here, we find an increasing trend in the share of employees in the high-wage group, while at the same time, the share of middle-wage group workers decreases within firms over time.
We notice an increase in the high-wage group of about 5 percentage points over the period 1996-2013.
The share of middle-wage employees decreases by approximately the same amount. These two developments are consistent with within-firm job polarization. However, we find no support for an increasing share of low-wage jobs within firms over the period. We note, however, a few years with positive and statistically significant estimated coefficients that are in accordance with a positive development for this wage group. We also see that the estimated coefficients are consistently positive 6 during the period for the low-wage group. Overall, the evidence in Table 1 points to a divergence in employment opportunities across occupations at different parts of the wage distribution over the period.
A similar pattern can also be seen when we study different time periods. Columns 1-3 in Table 1 present results for four different time periods. The last three columns split the entire period into two periods, comparing 1996-2004 with 2005-2013 . Regardless of how we look at the development in relative demand for different occupations over time, we find evidence for job polarization with an increasing magnitude in the final years of our sample period.
Impact of routine-based technological change, offshoring and automation of jobs
We now turn to analyzing how the observed pattern of within-firm job polarization is related to three prominent explanations for job polarization, namely, the influence of routine-based technological change, and the offshorability and automation of jobs. 8 Goos et al. (2014) use data on 16 Western
European countries and find that routine-based technological change is more important than offshoring in explaining the pattern of polarization across countries.
In addition to the hypotheses that recent routine-based technological change and increased opportunities for offshoring explain job polarization, as set forth in Goos et al. (2014) , we are also able to use a new measure of the risk of job automation and to determine how this is related to job polarization. It is of course important to keep in mind that the different explanations interact, and thus it is difficult to precisely disentangle the influence from each explanation. Many of the same arguments on how new technology influences different occupations can also be applied to the impact of international trade and offshoring. For instance, job tasks that are "routine" from an automation standpoint might also be accomplished at a foreign location.
We start by looking at the impact of routineness of jobs, defined in terms of the RTI index described above. The results are presented in panel a) in Table 2 . To see how RTI influences within-firm job polarization, we first divide firms into two groups according to the intensity of routineness for the firm's workforce in their initial year. We then estimate separate regressions on each wage group and on each group according to the intensity of routineness. The basis for this exercise is that firms with a high initial share of routine workers have more opportunities over time to reallocate their workforce in favor of more non-routine jobs, compared to firms that initially have low shares of routine jobs (i.e. an initial high share of non-routine workers). Columns (1), (3) and (5) show estimations for the group of firms with high 7 initial average routineness. The corresponding regressions on low routineness firms are presented in columns (2), (4) and (6).
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The results are clear: The pattern presented in Figure 2 showing evidence on within-firm job polarization originates from firms with high initial routineness among the workforce. These are firms that have more opportunities to switch to a composition of employees with less routine job tasks compared to firms with a low initial share of routine workers. Comparing columns (1) and (2), we note that the increase in employment for the high-wage group stems from firms that can initially be characterized as high-routine. The same is also the case for demand for low-wage jobs in high-routine firms (column (6)).
For these firms, we observe a clear increase in employment for low-wage occupations. These results, in combination with decreasing demand for middle-wage workers in firms with high initial average routineness (column (4)), are consistent with routine-biased technological change as an explanation for job polarization. If we instead study firms with low initial average routineness, no job polarization can be seen. For these firms, the opposite development is observed -increasing demand for middle-wage workers in combination with lower demand for the low-wage group and a tendency for lower over-time demand for high-wage occupations.
Instead of focusing on initial levels of the degree of routineness, columns (7) to (12) Overall, the results in panel a) in Table 2 indicate that the initial composition of the workforce in terms of the degree of routineness and its change over time is systematically related to the observed pattern of within-firm job polarization. The shift away in demand for jobs that are more routine-intensive does seem to bring about a change in firms´ occupational distribution. Next, we study how offshorability is related to within-firm job polarization (see panel b). Based on the same approach as that for routineness, we now take into account firms' initial occupational structure in terms of the offshorability of occupations to see how this is associated with the relative demand for the three wage groups. According to panel b) in Table 2 , differences in offshorability among the firms´ workforce is not systematically related to job polarization. Regardless of how we divide firms in terms of offshorability, no differences according to job polarization can be traced. The only exception is for low-wage workers, but overall, firm 8 differences in the composition of the workforce in terms of offshorability are not systematically related to within-firm job polarization.
A similar pattern can be seen for automation risks for occupations. The results are presented in panel c). Regardless of how firms are classified in terms of the average risk of workforce automation, no systematic pattern in terms of job polarization can be observed. Given the closeness between an occupation's routineness and its risk of being automated, we have also analyzed combinations of routineness and automation risks. For these combinations, we find that the initial composition of the workforce in terms of the degree of routineness and its change over time is more important than the corresponding classification of firms in terms of automation risks. 10 The same pattern also emerges when we study combinations of firms´ workforce in terms of routineness and offshorability. These unreported results again suggest that routine-biased technological change is an important explanation for job polarization.
Concluding remarks
This paper relates to a large and growing literature that has documented evidence of job polarization. The role played by firms is, however, more or less absent in this literature. This paper bridges this knowledge gap by using matched firm-worker data to analyze the role played by firms in the recent development of a more polarized labor market. Our results show novel evidence of within-firm job polarization, indicating that the observed economy-wide pattern is also present over time within firms.
We also find that both the within-firm and between-firm components are important in explaining overall job polarization. This new evidence adds to previous work by Goos et al. (2014) , who show that overall job polarization is driven by job polarization both within and between industries. With our matched firmworker data, we are also able to show that the firm components are important.
A second purpose of this paper is to study the contribution of different explanations for job polarization while at the same time focusing on the role played by firms as employers. In addition to taking into account how routineness and offshorability of occupation influence the job polarization process, we are also able to study the role played by automation or computerization. Results indicate that the degree of routineness is the most important explanation for the observed within-firm pattern. This is consistent with the analysis in Goos et al. (2014) at the industry-country level, which indicates that routine-biased technological change is more important than offshoring in explaining job polarization.
Bringing the analysis down to the firm level seems to confirm the important role played by routine-biased technological change.
10 Results are available upon request. Within and between firms.
Note: The figures show decompositions of changes in employment shares for 1996-2013. Occupations are based on ISCO-88 and are ordered by their mean wage in the first year (1996) . Each bar represents percentage point changes in employment shares between 1996 and 2013. Fig. 1b) illustrates the within-and between-industry components of the overall pattern for 1996-2013 presented in Fig. 1a ). For occupations with one positive and one negative component, the sum adds up to the overall change seen in Fig. 1a) . Fig. 1c) illustrates the within-and between-firm components. These are based on using the earliest and latest years of data for each firm for firms that do not exist for the whole period of study, 1996 through 2013. Note: The figure plots estimated coefficients on obtained from equation (1). Stars denote the level at which the estimated coefficients are significantly different from zero. Standard errors are clustered by firm. ***, **, * show significance at the 1%, 5%, and 10% level, respectively. 1996-1998 and 1999-2003, 2004-2008 and 2009-2013) . Columns 4-6 split the entire period into two, comparing 1996-2004 with 2005-2013 . Firm controls include the log of value added per employee and the log of the capital-labor ratio. Firm and year fixed effects are included in all estimations. Standard errors are clustered by firm. ***, **, * show significance at the 1%, 5%, and 10% level, respectively. Note: The dependent variable is the share of high-, medium-and low-wage employees at the firm level. Low and high in columns 1-6 refer to initial values of routineness, automation and offshoring. For each wage group, firms are divided into two groups, high and low, based on initial values of routineness, automation and offshoring. In columns 7-12, firms are grouped based on whether they have a positive or negative change in routineness, automation and offshoring during the period. Firm controls include the log of value added per employee and the log of the capital-labor ratio. Firm and year fixed effects are included in all estimations. Standard errors are clustered by firm. ***, **, * show significance at the 1%, 5%, and 10% level, respectively.
